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Estimates of the ancestry of specific chromosomal regions in admixed individuals are useful for studies of human evolutionary history
and for genetic association studies. Previously, this ancestry inference relied on high-quality genotypes from genome-wide association
study (GWAS) arrays. These high-quality genotypes are not always available when samples are exome sequenced, and exome sequencing
is the strategy of choice for many ongoing genetic studies. Here we show that off-target reads generated during exome-sequencing ex-
periments can be combined with on-target reads to accurately estimate the ancestry of each chromosomal segment in an admixed in-
dividual. To reconstruct local ancestry, our method SEQMIX models aligned bases directly instead of relying on hard genotype calls. We
evaluate the accuracy of our method through simulations and analysis of samples sequenced by the 1000 Genomes Project and the
NHLBI Grand Opportunity Exome Sequencing Project. In African Americans, we show that local-ancestry estimates derived by our
method are very similar to those derived with Illumina’s Omni 2.5M genotyping array and much improved in relation to estimates
that use only exome genotypes and ignore off-target sequencing reads. Software implementing this method, SEQMIX, can be applied
to analysis of human population history or used for genetic association studies in admixed individuals.Introduction
The genomes of admixed individuals can be described as
mosaics with alternating segments of different ancestries.
The length and origin of each mosaic segment reflect the
admixture history of each individual. Importantly, the
boundaries and origin of each segment can be recon-
structed via statistical methods that examine the distribu-
tion of genetic variants along each chromosome and that
take advantage of the differences in allele and haplotype
frequencies between ancestral populations.
Reconstructions of local ancestry have many uses in
population genetics and in genetic association studies.
For example, reconstructions of local ancestry have been
used to characterize and time past migration events and
to investigate the genetic relationship between the ad-
mixed populations and putative ancestral groups in studies
of the history of African Americans, Latinos, and Hispanics
in North America and of the Uyghur in China.1,2 Local-
ancestry estimates are also useful in human genetic associ-
ation studies, where they have been used to study multiple
sclerosis,3 hypertension,4 and prostate cancer,5 among
many other diseases.6 In addition, local ancestry can be
used to improve the matching of case and control data
(for example, by stratifying comparisons between case
and control chromosomes according to local ancestry).
The first applications of ancestry deconvolution relied
on ancestry informative markers (AIMs),7–10 which are
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. Open access uallele frequency between populations.3,11 Statistical
methods used in these early applications rely on hidden
Markov models (HMMs) and assume accurate genotypes
for every marker.12 More recent methods typically do not
rely on availability of AIMs but instead use the large
amounts of data generated by GWAS arrays (which typi-
cally include hundreds of thousands of markers, each
providing a modest amount of information about ancestry
on average). These newer methods can still rely on hidden
Markov models,13,14 sometimes with enhancements to
model haplotype frequency differences between popula-
tions in addition to allele frequencies,15–17 or they can
use other statistical techniques18 such as clustering
algorithms19 and principal component analyses.20
Instead ofGWAS arrays, the next phase of data generation
for genetic studies is likely to rely on short-read sequencing
technologies. Inparticular, targeted sequencingapproaches,
such as exome sequencing,21 are becoming increasingly
popular for genetic association studies22 and clinical
diagnosis.23 In these studies, genotypes for AIMs or high-
density SNP panels are typically not available and confident
calls cover only a small portion of the genome. This poses a
challenge for accurate inference of local ancestry.
In this paper, we show that even a relatively small num-
ber of off-target reads, generated as a by-product of exome-
sequencing experiments, allows accurate reconstruction of
the mosaic ancestry of admixed individuals. By using our
method implemented in SEQMIX (local-ancestry inference
for SEQuenced adMIXed inviduals) on simulated data, weCA 94720, USA; 2Center for Statistical Genetics, Department of Biostatistics,
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Figure 1. Graphic Illustration of Our Hidden Markov Model for Ancestry Decomposition
There are three layers of information: the square boxes (A) represent the hidden ancestry at each site, the circles (g) represent hidden
genotypes, and the hexagons (o) represent observed sequence reads.show that—for African Americans—accurate ancestry calls
(squared correlation between true ancestry and SEQMIX
result is ~0.9) can be generated with as little as 0.1-fold
coverage of the nontargeted part of the genome. We also
validate our approach empirically by comparing our results
with those using state-of-the-art methods for analysis of
GWAS genotypes in two sets of African American samples
for which GWAS array genotypes and exome-sequence
data are both available. In both data sets, we observe a
high similarity (squared correlation ~0.9) between SEQMIX
results and ancestry estimates based on GWAS array geno-
types and previously described analytical methods.
We also used SEQMIX-estimated European and African
ancestry blocks to compare patterns of variation within
coding regions in 49 American South West (ASW) African
Americans in the 1000 Genomes Project24 and 2,322 Afri-
can American samples in the NHLBI Exome Sequencing
Project.25,26 We are confident that SEQMIX will be useful
for the genetic analysis of exome or targeted sequencing
experiments in admixed populations.Material and Methods
Hidden Markov Model for Sequence Data
Our method SEQMIX is a hidden Markov model (HMM) that uses
exome data to infer local ancestry. Figure 1 demonstrates the three
layers of the model. At each site, the bottom layer is the hidden
ancestry state, the middle layer is the unknown genotype, and
the top layer is the observed set of sequence reads. The genotype
is placed in the intermediate layer because it is useful in relating
sequence reads and ancestry. The probability of each genotype is
calculated by using prespecified allele frequencies for each ances-
tral population. Note that because our modeling framework is
based on maximum likelihood, it is theoretically possible to esti-
mate ancestral allele frequencies, provided enough samples are
genotyped. In the analyses reported here, we always use allele fre-
quencies for 1000 Genome Project European and African ancestry
samples as surrogates for allele frequencies in the ancestral popu-
lations of African Americans. For simplicity, we assume that all var-
iants are biallelic and that there are two possible ancestry states.892 The American Journal of Human Genetics 93, 891–899, NovembOurmodel can be naturally extended to accommodatemultiallelic
markers and/or additional ancestry states.
HiddenMarkovmodels,13 a popular and powerful mathematical
framework, model DNA sequences as stochastic processes driven
by unobserved underlying mechanisms. In our application, we
model the unknown ancestry of each chromosomal region as a
driver of genetic variation. HMMs are characterized by two com-
ponents: the transition matrix (which, in this case, describes the
probability of changes in the underlying ancestral state between
neighboring sites) and emission probabilities (which, in this
case, relate the underlying ancestral state with observed data). To
describe the transition matrix, we first denote the unobserved
ancestry state qs as (As1, As2) where As1 indicates the ancestry of
the first chromosome at site s and As2 denotes the ancestry of
the other chromosome. We then let gs,sþ1 denote the recombina-
tion rate per generation between site s and s þ 1 and let T denote
the time since the first admixture event (measured in generations).
Then, we can describe the matrix of transition probabilities be-
tween sites s and s þ 1 as
Ps;sþ1 ¼
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where pA and pE denote the prior probabilities for African or Euro-
pean ancestry, respectively (in our analyses, pA ¼ 0.8 and pE ¼ 0.2;
Price et al.;15 Bryc et al.20).
For a diploid individual, we model transitions along two chro-
mosomes by using Ps;sþ15Ps;sþ1, the Kronecker product of single
chromosome transition matrices.
Assuming Hardy-Weinberg equilibrium, emission probabilities
PðosjqsÞ, which describe the probability of observed sequence reads
os given an underlying ancestry state qs, can be calculated by sum-
ming over all possible genotypes, each weighted with ancestry-
specific allele frequencies:
P
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where gsi is an indicator variable, which takes value 1 when the
reference allele is observed in the ith chromosome, and0 otherwise.
fAsi is the reference allele frequency at site s with ancestry Asi.
The genotype likelihood pðosj:gsÞ describes the probability of
the observed set of reads given the underlying genotypes and can
be calculated accounting for the quality of individual sequenced
bases or even accounting for correlation between sequencing
errors.27Linkage Disequilibrium Pruning Algorithm
The HMM described in Figure 1 assumes that marker alleles are in
linkage equilibrium, so that aligned bases are independent given
the underlying ancestry information. But often this assumption
does not hold and directly applying the model could lead to
many false ancestry switches. This is also a known problem for
analyzing high-density genotype data.17
To resolve the issue we propose a linkage disequilibrium pruning
algorithm that aims to retain as much sequence information as
possible while excluding markers in linkage disequilibrium with
each other. We first estimate the squared correlation between
marker pairs within each ancestral population; for each marker
pair we then record the maximum r2 value observed in any popu-
lation. Then, for each individual, we list all sites with non-zero
sequence coverage. For every pair of markers where r2 exceeds a
cutoff (0.1 was used in our experiment), we exclude the site with
lower coverage from consideration. By using the 1000 Genomes
Project phased data, we found that the remaining sites are effec-
tively in linkage equilibrium (the median of the difference be-
tween the 2-locus haplotype frequencies minus the expected
haplotype frequencies under linkage equilibrium is less than
104). The process continues until no marker pairs in linkage
disequilibrium remain in the list of sites with non-zero coverage.
Note that this pruning algorithm should be applied to each
sequenced subject independently because the patterns of
sequence coverage vary across individuals.Simulations
We first evaluated our method in the analysis of simulated African
American individuals. We simulated each genome with two pairs
of 1000 Genomes Project African and European ancestry haplo-
types as templates.28 At the beginning of each chromosome, we
sampled European ancestry with probability pE ¼ 0.2 and African
ancestry with probability pA ¼ 0.8. Next, we sampled a series of
distances between potential ancestry switches from an exponen-
tial distribution with mean 1=T , where T ¼ 6 is the number of
generations since the first admixture event15 and q is the recombi-
nation per base per generation (we use the conventional estimate
of 108; Sankararaman et al.19). At each potential ancestry switch
point, we again sampled ancestry with probabilities pE and pA. The
process continued until all chromosomes had been sampled for
each individual.
Finally, we simulated sequence data and calculated genotype
likelihoods. We explored two strategies to determine mean
sequence depth. The first used simulations to mimic coverage in
an exome-sequencing study. This simulation set average
sequencing depth at 80 for regions in the consensus exome target
definition used by the 1000 Genomes Project and for the
remainder of the genome varied average coverage between 0 and
5. The coverage Cs for each site was then simulated from a Poisson
distribution with the desired average. The second approach ex-
tracted per base-pair depths from actual exome sequence dataThe Americanand used these per base depths to determine coverage in simulated
samples.
With the simulated coverage Cs, genotype gs at biallelic site s,
and the assumption of a uniform sequence error rate e ¼ 0.0129,
we simulated Ms(%Cs) reads that match the reference allele from
the following conditional binomial distribution:
Ms j gs ¼
8<
:
BinomialðCs;1 eÞ; if gs ¼ 0
BinomialðCs;0:5Þ; if gs ¼ 1
BinomialðCs; eÞ; if gs ¼ 2
:
The genotype gs¼ 0, 1, or 2 is the number of copies of alternative
alleles at site s. Then, we calculated the genotype likelihood at site
s from the equation
LðgsÞ ¼ 1
2Ms
YMs
j¼1
½ð2 gsÞeþ gsð1 eÞ
3
YCs
j¼Msþ1
½ð2 gsÞð1 eÞ þ gse:
Last, by using allele frequencies in the 1000 Genomes Project
European and African ancestry samples (after excluding tem-
plate individuals) as parameters, we ran SEQMIX on the simu-
lated sequence data and compared the inferred ancestry with
the true simulated ancestry. We also ran HAPMIX15 directly
on simulated genotypes so as to compare ancestry estimates
derived via sequence data to those derived via state-of-the-art
tools for analyzing genotype data. HAPMIX uses an HMM based
on the Li and Stephens model30 to decompose the genomes of
sampled individuals into short haplotype segments. Just like
our method, it does not require prephased genotypes as input.
However, because it models haplotype ancestry directly
(without relying on allele frequencies), it can gracefully accom-
modate linkage disequilibrium among the markers being
examined.Analysis of 1000 Genomes African American Samples
We analyzed 49 ASW African American samples from the 1000
Genomes project. We used the UMAKE pipeline to extract geno-
type likelihoods at each 1000 Genomes Project Phase I autosomal
SNP site from aligned read data in BAM files. To estimate recombi-
nation rates, we downloaded recombination maps from the
IMPUTE website31 and linearly interpolated the recombination
rate for sites not included in the original map.
Recent work32,33 has shown that imputing genotypes from very
low coverage sequence data can improve power for association
studies. Hence, an appealing two-stage approach to infer local
ancestry with exome-sequence data might be to first impute geno-
types and then to run standard software on the resulting geno-
types. According to this strategy, for the 49 ASW samples, we ran
the LD aware imputation software Beagle34 on the genotype likeli-
hoods (including on-target and off-target reads as input and using
the remainder of 1000 Genomes Project European and African
ancestry individuals as templates) to call genotypes and then ran
PCAdmix35 to infer local ancestry. This simple two-stage approach
provides a baseline against which our more sophisticated
approach can be evaluated.
To evaluate our method SEQMIX and to explore the impact of
sequencing depth on the accuracy of our ancestry estimates, we
also downsampled sequence data for each individual and repeated
our analysis. Finally, we ran SEQMIX on the genotype likelihoodsJournal of Human Genetics 93, 891–899, November 7, 2013 893
Table 1. The Impact of Off-Target Mean Depth to the Accuracy of
SEQMIX-Estimated Whole-Genome Ancestry
Off-Target
Mean
Depth
SEQMIX-Inferred
Fraction of
European
Ancestry
r2 between
True and
SEQMIX
Result
r2 between
SEQMIX
and HAPMIX
Result
0 0.204 (0.101) 0.948 0.958
0.001 0.204 (0.100) 0.944 0.955
0.005 0.206 (0.100) 0.968 0.975
0.01 0.205 (0.099) 0.972 0.978
0.02 0.207 (0.099) 0.978 0.985
0.05 0.208 (0.099) 0.988 0.992
0.1 0.209 (0.098) 0.990 0.993
0.2 0.210 (0.098) 0.988 0.994
0.5 0.210 (0.098) 0.993 0.997
1 0.211 (0.097) 0.995 0.995
2 0.211 (0.098) 0.994 0.997
5 0.212 (0.098) 0.994 0.998
30 0.211 (0.098) 0.994 0.997
The impact of off-target mean depth to the accuracy of SEQMIX-estimated
whole-genome ancestry measured by the squared correlation between
genome-wide ancestry estimates via our sequence-based method (SEQMIX)
and the simulated truth or estimates generated by HAPMIX and simulated ge-
notypes for the OMNI 2.5M array. An average European ancestry of 20.9%was
simulated, with admixture starting six generations ago. The r2 between the
true local ancestry and HAPMIX estimates is 0.995.(for the original and the downsampled data) to generate local-
ancestry estimates.
In the same samples, we also ran HAPMIX with Illumina Omni
2.5M genotypes as input. In analyses with HAPMIX, we used the
phased European (GBR, CEU, TSI, FIN, IBS) and African (YRI,
LWK) Omni genotype data as reference haplotypes and, again,
used the genetic distance map available from the IMPUTE website
to establish recombination rates. Because the HAPMIX result
included only a smaller set of markers, we interpolated its esti-
mates to the full set of markers to facilitate comparison between
genotype- and sequence-based ancestry estimates. We observed
essentially identical results when restricting comparison to the
intersection of sites analyzed by our SEQMIX approach and by
HAPMIX.
Finally, we used ancestry estimates to compare patterns of cod-
ing variation in regions of the genome with recent European and
recent African ancestry. In this analysis, we calculated the number
of heterozygous sites per kilobase and, at these heterozygous sites,
the number of nonsynonymous and loss-of-function variants.
Analysis of Exome-Sequencing Project African
American Samples
We analyzed a total of 2,322 African Americans from the Exome-
Sequencing Project (ESP) with SEQMIX. With the estimated
ancestry blocks, we again contrasted patterns of coding variation
in genomes of European and African ancestry. We calculated het-
erozygosity, the number of nonsynonymous heterozygous sites,
and the number of loss-of-function heterozygous sites in segments
of likely African American, likely European, and likely mixed
ancestry.894 The American Journal of Human Genetics 93, 891–899, NovembIn addition, for a subset of 79 African Americans with Affyme-
trix 6.0 genotype data, we compared sequence-based ancestry esti-
mates (generated with our SEQMIX software) and genotype-based
ancestry estimates (generated with HAPMIX). Again, we also
repeated analyses after downsampling the original sequence data
to better explore the impact of sequencing depth on ancestry
inference.Evaluation and Comparison of Ancestry Estimates
For convenience, we summarize here the measures used to
compare ancestry estimates and truth (in simulated data sets)
and ancestry estimates derived from sequence and genotype data
(in empirical data).
Both SEQMIX and HAPMIX estimate the posterior probability
that each site has 0, 1, or 2 alleles of European ancestry. We
rounded this to the nearest integer to obtain local estimates of
the European ancestral allele count. We then averaged this count
across sites to obtain genome-wide ancestry estimates for each in-
dividual. We calculated the squared correlation between the true
and the inferred genome-wide ancestry (in simulated data) and be-
tween SEQMIX and HAPMIX inferred genome-wide ancestry (in
real data). Furthermore, for each individual, we computed the
squared correlation between the true and inferred local ancestry
(in simulated data) and between SEQMIX and HAPMIX local-
ancestry estimates (in real data). For the 2,322 African American
samples from the NHLBI Exome-Sequencing Project samples, we
also compared average local-ancestry estimates at each site to the
average genome-wide ancestry, so as to check for regions with
systematic biases in local ancestry (or in local-ancestry estimates).Results
Analysis of Simulated Exome-Sequence Data
The 100 simulated African American individuals had an
average of 20.9% (SE 0.098) European ancestry. SEQMIX
estimated this whole-genome ancestry proportion with
better precision as sequencing depth increased (Table 1).
With on-target sequence data only, SEQMIX estimated
20.4% (SE 0.10) European ancestry, and the squared corre-
lation between true and inferred whole-genome ancestry
was 0.95. The squared correlation between true and in-
ferred whole-genome ancestry improved, approaching
1.0, with increasing off-target read depth (Table 1). With
simulated GWAS genotypes for the Illumina Omni 2.5M
array, HAPMIX estimated the proportion of European
ancestry to 21.3% on average. The squared correlation be-
tween true and HAPMIX-inferred whole-genome ancestry
was 0.995.
Figure 2 (also see Table S1 available online) summarizes
our evaluation of local-ancestry estimates and again shows
that when we consider off-target reads in addition to on-
target reads, SEQMIX estimates of local ancestry improve
as off-target sequence depth increases. When there are no
off-target reads, the squared correlation between true and
estimated local ancestry was 0.75. When the off-target
coverage increases to 0.13, the squared correlation was
close to 0.90. The statistics improved further to 0.95 as
the off-target coverage reached 303. For comparison, byer 7, 2013
Figure 2. Impact of Off-Target Sequence Depth on the Accuracy
of Local Ancestry Decomposition, Measured by Squared Correla-
tion between Inferred Ancestries and True Ancestries
Figure 3. Impact of Off-Target Sequence Depth on the Accuracy
of Inferring Ancestral Path
The x axis is the genome position and y axis describes the number
of ancestral European copies.using simulated Illumina Omni 2.5M array genotypes and
the state-of-the-art HAPMIX program for analysis of array
genotype data, the squared correlation between estimates
and the simulated truth was 0.94. Overall, SEQMIX esti-
mates of local ancestry reached similar accuracy to those
available from Omni 2.5M array genotypes once off-target
sequence depth reached 2.03, illustrating the value of
modeling this off-target sequence data for local-ancestry
inference.
For the simulated exome data above, the distribution of
sequence reads was probably much more uniform that in
actual sequence data, where short sequence reads often
cluster according to local GC content and other features
of sequence composition. To better predict performance
in actual exome-sequencing experiments, we repeated
our simulations with sequence depth profile observed in
the NHLBI exome-sequencing project (ESP). To do this,
we picked a series of 100 ESP samples and generated a
simulated sample exactly matching the coverage pattern
at each base in these individuals (mean off-target depth
1.2). We then calculated the squared correlation between
SEQMIX and simulated local ancestry as 0.938 with a stan-
dard deviation 0.079.
Figure 3 further illustrates the impact of depth on the
accuracy of local-ancestry inference. This individual has
nine ancestry switches along chromosome 1 with two
small ancestry blocks of lengths 2.1 and 4.3 Mb. When
inferring ancestry with just the exome data (off-target
depth ¼ 0; Figure 3, top panel), the two small blocks are
missed. As the off-target sequence depth increases, the
smaller blocks are gradually picked up. The 4.3 Mb block
is recovered after off-target depth reaches 0.0053 (Figure 3,The Americansecond panel) and the 2.1 Mb block is captured after off-
target depth reaches 0.13 (Figure 3, third panel). To
explore our ability to recover small ancestral tracts, we
examined all 100 simulated individuals and quantified
the relationship between the size of the smallest recovered
true ancestry blocks, the largest missed ancestry blocks,
and off-target depth (Figure 4). With just exome data, the
average size of the smallest recovered ancestral blocks for
each simulated genome was ~5.8 Mb; the corresponding
average size of the largest missed block was ~2.1 Mb.
When the off-target depth increases to 0.13, the average
size of the smallest block with accurately inferred ancestry
was 3.4 Mb and the average size of the largest missed block
was <0.93 Mb. For simulated data with mean off-target
read depth at ~1.03, Figure 4 shows that the smallest tract
recovered by SEQMIX was ~2.6 Mb. Note that the exact
performance of ancestry estimation will depend not only
on ancestry block length and sequence depth but also on
the amount of LD in a region and the fraction of each re-
gion selected for deep, targeted resequencing.
To explore the impact of number of generations since
the first admixture on the accuracy of local-ancestry infer-
ence, we have also simulated populations that were
admixed for various numbers of generations (Table S4).
Applying the model described here to populations
admixed for 20 generations, 0.53 coverage may be
needed to achieve >0.8 accuracy in local-ancestry esti-
mates, and for populations admixed for >100 genera-
tions, ancestry inference is so difficult that even high
coverage sequencing (303) produces only modest accu-
racy (r2 < 0.6).Journal of Human Genetics 93, 891–899, November 7, 2013 895
Figure 4. Effect of Off-Target Sequence Depth on the Average
Size of the Smallest Correctly Inferred Ancestry Block and the
Average Size of the Largest Missed Ancestry BlockAnalysis of 49 ASW Samples
We applied SEQMIX to 49 ASWAfrican American samples
that were exome sequenced in the 1000 Genomes Project.
The average depth was 803 at targeted sites and 1.93 at
off-target sites. We first compared ancestry estimates gener-
ated by the two-stage approach (see Material andMethods)
to the estimates generated by HAPMIX (with Illumina
Omni 2.5M genotypes as input). We then compared
ancestry estimate by SEQMIX (with exome-sequence data
as input) to that generated by HAPMIX.
In the two-stage analysis, the imputed genotypes have
reasonable accuracy (r2 ¼ 0.85, when compared to geno-
type calls from the 1000 Genomes Project that use
whole-genome sequence data). However, the ancestry
inference results were poor: For the whole-genome
ancestry, the squared correlation between the results
from this approach and those generated by HAPMIX is
0.687. For local ancestry, the squared correlation between
estimates from a two-stage analysis of sequence data and
a HAPMIX analysis of GWAS genotypes was 0.26 on
average (ranging from 0.00 to 0.49 when individuals are
analyzed one at a time).
In contrast, we see a much higher accuracy in the
SEQMIX results. Among the 49 samples, one individual
was estimated to have 99.2% European ancestry by
SEQMIX and 96.0% European ancestry by HAPMIX.
Excluding this outlier, the remaining 48 samples were esti-
mated by SEQMIX to have between 2.0% and 57.1% Euro-
pean ancestry and by HAPMIX to have between 2.6% and
55.8% European ancestry. The estimates for the percent of
European ancestry for coding regions are similar to those
for the whole genome. The genome-wide estimates of896 The American Journal of Human Genetics 93, 891–899, NovembEuropean ancestry fraction generated by both methods
are extremely similar, with squared Pearson correlation
>0.999.
Furthermore, we calculated the concordance rate and
squared correlation of local-ancestry estimates. For the 49
samples, on average, 97% of the local-ancestry calls from
SEQMIX and HAPMIX are the same. Across samples, the
proportion of the genome assigned the same ancestry by
both methods varied between 94% and 98%. Correlation
coefficients between local-ancestry calls were generally
lower. For one outlier sample whose genome was estimated
by SEQMIX to be 99.2% European but by HAPMIX to be
96.0% European, the correlation square between HAPMIX
and SEQMIX called ancestry was only 0.10. In this individ-
ual, HAPMIX identified many short European ancestry
blocks (see Figure S1). For the remaining individuals, the
squared correlation between the HAPMIX and SEQMIX
ancestry estimates had a median of 0.89, a mean of 0.88,
standard error 0.08, and interquartile range 0.05 (see
Figure S2). When we ran SEQMIX with only on-target
reads, squared correlation with HAPMIX results was lower,
with a mean of 0.73. The markedly improved correlation
between SEQMIX and HAPMIX results when off-target
reads are included in analysis demonstrates the value of
our approach for estimating local ancestry.
As a final assessment of the quality of our ancestry calls
in the 1000 Genomes samples, we compared properties of
genetic variation in blocks with estimated European or
African ancestry (Table S2) and observed that coding re-
gions estimated as having European ancestry by SEQMIX
have similar properties to those estimated by HAPMIX.
These properties (for example, number of variants per
base-pair of coding sequence) are comparable to observa-
tions in the 1000 Genomes Project Europeans. The same
conclusion also holds for regions estimated to have African
ancestry and suggests that estimates obtained with
sequence data and running SEQMIX are comparable to
those obtained with genotype array data and running
HAPMIX.
Analysis of 2,322 ESP Samples
To evaluate our ability to handle large sample sets, we ran
SEQMIX on the autosomal chromosomes of 2,322 ESP
African Americans, which have average on-target read
depth of ~87.03 and average off-target depth of 1.23.
SEQMIX estimated that these individuals have fractions
of whole-genome European ancestry between 0.2% and
86.3%. When we examined the distribution of average
local ancestry across the genome, we did not find strong
evidence for outlier regions with an excess of European
or African ancestry (Figure S3; all regions have p value >
6 3 107). The most extreme deviations in average local
ancestry (for example, in chromosomes 11 and 15) were
located near centromeres or telomeres, perhaps because
of known analytical challenges in these low-complexity re-
gions or perhaps because there wasn’t enough information
for the hidden Markov model to produce accurate resultser 7, 2013
Table 2. Comparison of the Squared Correlation between SEQMIX
and HAPMIX Estimates of Genome-wide Ancestry and of Local
Ancestry
Off-Target
Mean Depth
Simulated
Data ASW Samples ESP Samples
Genome-wide Ancestry
0 0.958 0.993 0.983
0.1 0.993 0.998 0.994
0.2 0.994 0.999 0.994
0.5 0.997 0.999 0.995
1 0.995 0.999 0.995
2 0.997 0.999 –
Local Ancestry
0 0.736 (0.155) 0.731 (0.153) 0.757 (0.096)
0.1 0.875 (0.086) 0.848 (0.141) 0.837 (0.089)
0.2 0.893 (0.081) 0.859 (0.114) 0.856 (0.093)
0.5 0.913 (0.074) 0.874 (0.136) 0.871 (0.085)
1 0.917 (0.069) 0.893 (0.132) 0.884 (0.085)
2 0.925 (0.067) 0.897 (0.138) –
Comparison of the squared correlation between SEQMIX and HAPMIX esti-
mates of genome-wide ancestry and of local ancestry. In simulations, off-target
mean depths are simulated to be between 03 and 23. In real data (ASW and
ESP samples), we downsampled off-target reads to obtain off-target mean
depths between 03 and 23 for ASW samples and between 03 and 13 for
ESP samples.in these boundary regions (when these regions are
excluded, the largest deviation corresponds to a p value
of 4 3 105).
We again compared patterns of coding variation in re-
gions with different estimated ancestries (Table S3). The es-
timates were different from those in 1000 Genomes Project
ASW individuals (Table S2), but we note that the targeted
regions also differ. Reassuringly, results were again very
similar for SEQMIX- and HAPMIX-based analysis;
implying, once again, that SEQMIX gives quite accurate
local-ancestry estimates and that genotyping high-density
SNP arrays is not necessary to study local ancestry in
exome-sequenced samples.
Analysis of 79 ESP Samples with Genotype Array Data
We ran HAPMIX on genotype array data for 79 of the ESP
samples and compared the results with those from
SEQMIX. Fractions of whole-genome European ancestry
varied between 2.1% and 53.5% via SEQMIX and between
2.5% and 53.2% via HAPMIX results. The squared Pearson
correlation between SEQMIX and HAPMIX estimates was
>0.997. When we compared local-ancestry estimates, the
concordance between SEQMIX and HAPMIX varied be-
tween 0.91 and 0.99, with a mean 0.97. Squared correla-
tion between estimates had a median of 0.88, a mean of
0.85, and standard deviation 0.09 with the first quartile
at 0.83 and third quartile at 0.91 (see Figure S2). These
numbers are consistent with those for the 49 ASW samples.
Comparing Accuracy of Ancestry Estimates
in Empirical and Simulated Data
To compare the accuracy of estimates from empirical and
simulated data, we contrasted estimated accuracy from
analysis of empirical and simulated sequence data with
various off-target depths. As expected, the squared correla-
tion between SEQMIX and HAPMIX results in real data was
typically slightly lower than in simulated data. With only
on-target reads, the squared correlation between SEQMIX
and HAPMIX results was 0.74 for simulated data but 0.73
for the ASW sample and 0.76 for the ESP sample; when
the mean off-target coverage was 0.13, the squared corre-
lation was 0.88 in simulated data but 0.85 in ASW samples
and 0.84 in ESP samples; when the mean off-target
coverage was ~1.03, the squared correlation was 0.92 in
simulated data but 0.89 in ASW samples and 0.88 in ESP
samples. Though the accuracy gain slows down as the
off-target coverage increases beyond 0.13, we witness a
significant increase between depth 03 and depth 0.13,
both for simulated and real data, demonstrating the utility
of off-target reads even when the coverage is as low as
0.13. The increased discrepancy between sequence-based
local-ancestry estimates derived by SEQMIX and geno-
type-based estimates derived by HAPMIX in real data prob-
ably reflects the impact of additional sources of error in real
data (readmapping errors, potential presence of tracts with
a third ancestry). Interestingly, Table 2 also shows that
the correlation between sequence- and genotype-basedThe Americangenome-wide ancestry estimates in real data is greater
than in simulated data. Most likely, this is explained by
the fact that the genome-wide ancestry in real data is
more widely spread than in the simulated data.Discussion
We have described a method that uses off-target sequence
reads from exome or targeted sequencing experiments to
accurately infer whole-genome ancestry in admixed sam-
ples. The method is implemented in our SEQMIX tool. In
simulations and empirical data analysis, we show that
even off-target coverage as low as 0.13 results in substan-
tial increase in the accuracy of local-ancestry estimates.
In exome-sequence data for African American individuals
from the 1000 Genomes Project and NHLBI Exome
Sequencing Project, off-target coverage was typically
much greater than 0.13 and can be effectively harnessed
to obtain accurate local-ancestry results and help adjust
for population stratification in association studies.36
SEQMIX currently outputs the posterior distribution of
ancestry at each position. Compared to the most likely
ancestry that could be estimated with the Viterbi algo-
rithm,13 this posterior distribution is potentiallymore accu-
rate in adjusting for population stratification and more
powerful when used in admixture mappings. Furthermore,
SEQMIX also calculates the information content,37 which
summarizes theuncertaintyabout ancestry at each location.Journal of Human Genetics 93, 891–899, November 7, 2013 897
In African Americans, ancestry blocks as short as 3 Mb
can be correctly identified with 0.1–0.53 off-target
coverage. These and larger blocks are sufficient to accu-
rately decompose the genome of a typical African Amer-
ican into European and African ancestry blocks, because
admixture is relatively recent (six generations in our simu-
lation). When admixture is more ancient, such as for the
Uyghur population in China,1 the ancestral blocks are
much smaller and higher sequence coverage or methods
that better model haplotype structure may be required
(simulations summarized in Table S4).
Although we have demonstrated how sequence data can
be used to estimate local ancestry and how these estimates
can be averaged across the genome to obtain estimates of
global ancestry, we also foresee several potential refine-
ments to our approach. For example, model parameters
such as the prior for genome-wide ancestry proportions,
recombination rates, and allele frequencies are currently
prespecified. In principle, either Monte Carlo sampling or
expectation-maximization algorithms can be imple-
mented to learn model parameters from the data by maxi-
mizing the likelihood function implicit in our model.
Alternatively, in settings where ancestral allele frequencies
are not known, it may be possible to combine our method
with a clustering algorithm19 or to use principal compo-
nent analysis to characterize ancestral populations,20
although it is not clear whether those approaches can
work with very low coverage data.32 In principle, a more
straightforward enhancement would be to use a pool of
reference haplotypes to describe ancestry states,
combining key features of SEQMIX and HAPMIX. Two
other appealing possibilities would be to jointly model ge-
notype and sequence data, where available, and to extend
our implementation from two-way admixture modeling to
multiway admixture modeling (which is important for
describing the ancestries of Latinos and many others).
Modern technological advancements have enabled the
successful application of sequencing technologies to popu-
lationgenetics andassociation studies.22As genotype impu-
tationwith extremely low coverage data becomes cost effec-
tive,29,30 such analyses may eventually replace genotyping
arrays.32,33 We demonstrate that extremely low coverage
sequence data can also be used to accurately estimate local
ancestry for admixed individuals. We recommend SEQMIX
as a useful tool/method for studies with exome or targeted
sequence data in admixed samples, for either population
history analysis or genetic association studies.Supplemental Data
Supplemental Data include three figures and four tables and can
be found with this article online at http://www.cell.com/AJHG/.Acknowledgments
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